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Ixodes scapularis is the principal vector of Lyme disease on the East Coast and in the upper Midwest regions of the United States,
yet the tick is also present in the Southeast, where Lyme disease is absent or rare. A closely related species, I. affinis, also carries
the pathogen in the South but does not seem to transmit it to humans. In order to better understand the geographic diversity of
the tick, we analyzed the microbiota of 104 adult I. scapularis and 13 adult I. affinis ticks captured in 19 locations in South Caro-
lina, North Carolina, Virginia, Connecticut, and New York. Initially, ticks from 4 sites were analyzed by 454 pyrosequencing.
Subsequently, ticks from these sites plus 15 others were analyzed by sequencing with an IlluminaMiSeqmachine. By both analy-
ses, the microbiomes of female ticks were significantly less diverse than those of male ticks. The dissimilarity between tick micro-
biomes increased with distance between sites, and the state in which a tick was collected could be inferred from its microbiota.
The genus Rickettsiawas prominent in all locations. Borreliawas also present in most locations and was present at especially
high levels in one site in western Virginia. In contrast, members of the family Enterobacteriaceaewere very common in North
Carolina I. scapularis ticks but uncommon in I. scapularis ticks from other sites and in North Carolina I. affinis ticks. These
data suggest substantial variations in the Ixodesmicrobiota in association with geography, species, and sex.
There are an estimated 300,000 cases of Lyme disease in theUnited States, with the majority of cases occurring in the
Northeast and upper Midwest (1). Lyme disease is caused by
the spirochete Borrelia burgdorferi sensu stricto, for which the
black-legged tick, Ixodes scapularis, is the principal vector in the
Midwest and on the East Coast. It also transmits other pathogens
causing human diseases, including the pathogens causing anaplas-
mosis and babesiosis (2, 3).
Ixodes scapularis and a closely related species, Ixodes affinis, also
occur in the Southeast, where Lyme disease is rare or absent. B.
burgdorferi has been detected in 35 to 50% of I. scapularis ticks in
the northeastern states (4) but is rarely found in ticks in the south-
ern United States (5–9). In contrast, 63% of I. affinis ticks were
found to have Borrelia DNA by PCR (10). I. affinis ticks feed on a
wide range of hosts (8).
While there have been many studies of tick microbiomes
(11–17), relatively little is known about the microbiota of Ix-
odes ticks. Efforts to identify microbial commensals and sym-
bionts have been made using culture-based methods (18),
cloning, and sequencing of gel-purified PCR products (4).
Narasimhan et al. (19) recently used 454 pyrosequencing of the
16S rRNA gene to describe the microbiome of I. scapularis larvae
and nymphs from Connecticut. Here, we assess how the micro-
biomes of adult Ixodes ticks vary with regard to geography, species,
and sex.
MATERIALS AND METHODS
Tick sampling, collection sites, and processing. Adult I. scapularis or I.
affinis ticks were collected by flagging vegetation. In a few cases, ticks were
collected from participants in a longitudinal study of North Carolina park
and forestry rangers (20). Immediately after collection, the ticks were
preserved in 85% ethanol and transported to laboratory facilities, where
they were stored at20°C until they were processed as described below.
The sites are described in Table 1.
Ticks were shipped to our laboratory facilities for processing. For each
collection site, black-legged ticks were sorted by sex, placed individually
into 1.5-ml microcentrifuge tubes containing 95% ethanol (USA Scien-
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tific, Ocala, FL), and then stored at 80°C for subsequent extraction of
genomic DNA.
Extraction of DNA from tick samples. Genomic DNA was extracted
from individual ticks using methods described previously (17, 21). The
extracted DNA samples were further purified with a Wizard DNA cleanup
system (Promega, Madison, WI, USA) and quantified with a NanoDrop
spectrophotometer (Thermo Scientific, Waltham, MA, USA). The puri-
fied DNA extracts were stored at80°C for future use.
16S rRNA gene amplification for 454 analysis. Bacterial gene ampli-
fication of the PCR products was performed as described previously by
Ponnusamy et al. (17). 16S rRNA genes were amplified using primers
27F/534R targeting the V1 to V3 hypervariable regions and covering a
sequence distance of 500 bp, multiplexed with 10-mer nucleotide bar
codes, and sequenced using the 454 technology. PCR products of the
expected size were excised from the agarose gel and gel purified using a
QIAquick gel extraction kit (Qiagen, Inc., Valencia CA, USA). Gel-puri-
fied amplicon DNAs were quantified using a Quant-iT PicoGreen kit (In-
vitrogen, Carlsbad, CA, USA) and pooled for pyrosequencing. All samples
with their respective bar codes were pooled (from each 1/4 of a plate) in
equimolar amounts for 454 pyrosequencing on a Roche GS-FLX system at
the Microbiome Facility, University of North Carolina School of Medi-
cine, Chapel Hill, NC, USA. To evaluate the reproducibility of the ampli-
fication and sequencing process, PCR was conducted in three separate
amplifications, and the sequence compositions were compared. Se-
quences generated from independent PCR runs were pooled, after it was
determined that their compositions were nearly identical (data not
shown). After sequence quality control, 644,031 sequences were present,
of which 630,864 were assigned to 5,208 operational taxonomic units
(OTUs). OTUs were picked via an open reference procedure (described
below).
Illumina MiSeq analyses. One hundred seventeen samples were pro-
cessed and sequenced in a single direction using an Illumina MiSeq ma-
chine located at the University of California, San Diego. 16S rRNA genes
were targeted using primers 515F/806R, available on the Earth Micro-
biome Project website (www.earthmicrobiome.org), and a total of
4,424,307 sequences were detected. An open reference OTU picking ap-
proach was used (22) to cluster sequences, utilizing the program uclust
(23). First, sequences were prefiltered to remove reads with less than 60%
homology to at least one 16S rRNA gene in the Greengenes collection (24,
25). Sequences which passed the prefilter were clustered against the se-
quences in the Greengenes August 2013 release. Sequences with at least a
97% identity match to a Greengenes OTU were counted as occurrences of
that OTU. Of the remaining sequences which failed to cluster against a
known OTU, 1% of them were selected as new seed sequences to cluster
the failed reads against. Sequences that matched a de novo OTU seed at
97% identity or more were counted as occurrences of that OTU. A final
PyNAST filtering step was used to eliminate de novo OTUs that were likely
contaminants or a non-16S rRNA gene (26). OTUs with only a single
occurrence were discarded from the data set, leaving 3,569,383 sequences
clustered into 16,355 OTUs. A reference tree was constructed using refer-
ence sequences for known OTUs and representative sequences for the de
novo OTUs and the FastTree program (v2.1.3) (27). Taxonomy was as-
signed to de novo OTUs using the uclust program (23).
Bioinformatics analysis. Data were analyzed using QIIME software
(v1.8.0) (28). Illumina and 454 data could not be combined because se-
quencing technology effects would overwhelm any ecological signals in
the data, and thus, each data set was analyzed independently. The tech-
niques used on both data sets included rarefaction, principal coordinates
analysis (PCoA), supervised learning, alpha diversity analysis and com-
parison, and differential abundance testing. Data reported in Results are
from the Illumina analyses, unless otherwise stated. The unrarefied Illu-
mina OTU table is provided in Table S1 in the supplemental material, the
rarefied (10,000 sequences per sample) Illumina table used for the analy-
ses is Table S2 in the supplemental material, the 454 unrarefied table is
provided in Table S3 in the supplemental material, and the rarefied (3,800
sequences per sample) 454 table is provided in Table S4 in the supplemen-
tal material. Table S5 in the supplemental material contains the mapping
file, which contains the sample identifier and associated metadata (sex,
collection latitude, etc.) for the Illumina data. Table S6 in the supplemen-
tal material has this information for the 454 data.
(i) Rarefaction.Rarefaction was used prior to all analytical techniques.
Rarefaction is a conservative approach that subsamples from libraries
with high coverage to equalize the number of sequences present in each
sample. Recent work has suggested alternatives to rarefaction for differ-
ential abundance testing but has not provided alternatives for beta diver-
sity calculations (29). Since the majority of our analyses are based on beta
diversity and because rarefaction is conservative but does not induce false-
positive results (46), we opted for this strategy. The 454 OTU table was
rarefied at 3,800 sequences per sample, although tables with 500 and 1,000
sequences per sample and a table with unrarefied sequences were also
analyzed. The patterns did not change (data not shown). The Illumina
OTU table was rarefied to 10,000 sequences per sample. Tables with 1,000
and 2,000 sequences per sample and a table with unrarefied samples were
also analyzed. The patterns did not change (data not shown).
(ii) Beta diversity and PCoA. Beta diversity was calculated using
weighted and unweighted UniFrac methods (30). Principal coordinates
analysis was conducted using QIIME, and the results were visualized using
the EMPeror tool (31).
(iii) Alpha diversity. Alpha diversity was calculated for all samples
using the phylogenetic distance (32), Shannon entropy (in bits), and ob-
TABLE 1 Ticks collected for this study
Species State Site
No. of ticks sequenced by:
454 Illumina
Ixodes scapularis Connecticut Lake Gaillard 8 4
Ixodes scapularis North Carolina Bladen County 0 2
Ixodes affinis North Carolina Halifax County 0 4
Ixodes affinis North Carolina Jones County 0 2
Ixodes scapularis North Carolina Morrow Mountain, Stanly County 0 1
Ixodes scapularis North Carolina Pine Island, Currituck County 8 3
Ixodes scapularis North Carolina Tumble Creek, Bladen County 0 1
Ixodes scapularis North Carolina View Nicholson Road, Martin County 8 7
Ixodes affinis North Carolina Washington County 0 2
Ixodes scapularis New York Armonk 10 2
Ixodes scapularis South Carolina Savannah River 0 11
Ixodes scapularis Virginia Pearisburg, Giles County 0 12
Ixodes scapularis Virginia Pocahontas State Park 0 10
Ixodes scapularis Virginia York River State Park 0 10
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served species. Phylogenetic distance is a measure of the total branch
length that a sample (or a group of samples) has, Shannon entropy is a
measure of the number and relative proportion of OTUs in a sample (or
group of samples), and the number of observed species is just the number
of OTUs that were found in a given community.
(iv) Supervised learning analysis. Supervised learning is a subset of
machine learning that builds predictive models of sample class member-
ship on the basis of the features that those samples contain. In our study,
the features are OTUs or taxonomically summarized OTUs, and the sam-
ple classes are parameters, such as tick origin (Connecticut, New York,
North Carolina, etc.). We utilized a random forest (RF) approach that is
implemented in R and QIIME (v1.8) and employed 5- or 10-fold cross
validation. In brief, cross validation reduces overfitting by splitting the
data from the study into 10 (or 5) units with sample class memberships
that are as identical as possible (e.g., each unit contains two samples from
ticks from a given state). Each forest learns on 9/10 units and predicts
sample class membership on the 10th unit. The classification accuracy of
the RF approach is evaluated by use of a statistic called the “error ratio.”
The error ratio is simply computed as the number of mislabeled samples
using random guesses/the number of mislabeled samples using the mod-
els of the decision trees. Thus, higher error ratios are better, and error
ratios of2 indicate that significant differences exist between the sample
classes and that particular features are significantly predictive of the class
of a sample (33).
(v) Semivariograms. Semivariograms were developed to test spatial
autocorrelation. They show the level of autocorrelation in samples from
different locations. Here, they measure correlation in UniFrac distances
over different spatial scales. In essence, we are comparing the spatial and
UniFrac distance matrices generated and seeing if increasing distance in
one measure correlates with increasing distance in the other. Various
models, including linear, log, normal, and nugget models, are fit to the
distance data to derive a qualitative understanding of the covariation. All
semivariogram calculations were performed by use of the QIIME script
plot_semivariogram.py.
Characterization of Enterobacteriaceae. The rpoB gene of members
of the family Enterobacteriaceae was amplified using a Kapa HiFi HotStart
PCR kit. Four microliters of 1:10-diluted template DNA was mixed with
300 nM deoxynucleoside triphosphates and 300 nM (each) primers rpoB
F (5=-CAGTTYATGGAYCAGAACAACCCG) and rpoB R (5=-ACGTTG
CATGTTCGCACCCATCA), designed for this study. Cycling conditions
were as follows: a 95°C initial denaturation for 3 min, followed by 35 cycles
of denaturation at 98°C for 20 s, annealing at 59°C for 15 s, and extension
at 72°C for 30 s, ending with a final extension at 72°C for 2 min. Samples
were individually bar coded, prepared for sequencing using an Illumina
Nextera XT sample preparation kit (Illumina, San Diego, CA), and se-
quenced at the University of North Carolina High-Throughput Sequenc-
ing Facility on an Illumina MiSeq platform using 2 300-bp chemistry.
Paired-end reads were merged using the PEAR (v0.9.0) program (34),
trimmed to remove read regions with a phred quality score of 25 or less,
and filtered to remove all merged reads with a length of 400 bp or less.
Merged-read haplotypes were processed using a custom clustering algo-
rithm, which has previously been used to cluster deep sequencing ampli-
con data (35) (N. Hathaway and J. Bailey, submitted for publication). For
each sample, reads with 1- and 2-base indels, as well as low-quality base
call mismatches, were collapsed. A base was considered to be of low qual-
ity if its phred-scaled quality score was20 or if the mean quality score for
the 11 bases centered on the base in question was15. Haplotype clusters
were used for analysis if they comprised 0.5% of all reads for a given
sample.
Characterization of Borrelia. In order to better characterize samples
identified to be Borrelia burgdorferi by the MiSeq system, we amplified and
bidirectionally sequenced a portion of the plasmid-borne outer surface
protein C (ospC) gene (36) for a subset of the samples that yielded Borrelia
16S rRNA gene sequences. ospC sequences were assembled using the Se-
quencher program (v5.3; Gene Codes Corp., Ann Arbor, MI) and aligned
with reference sequences from GenBank using the ClustalX program, im-
plemented in MEGA software (v6.0) (37). Consensus ospC sequences
were compared with the sequences in the NCBI GenBank database by
BLAST analysis on 23 April 2015.
Generation of geographic information system maps. The 19 sam-
pling sites were geocoded using the ArcGIS program (v10.2) (38) for use
in spatial analysis. The prevalence of each of the 8 overall most common
taxa at each sampling site was plotted.
Nucleotide sequence accession numbers. The sequences have been
uploaded to the Qiita database (http://qiita.ucsd.edu/) under the title
“Variation in the Microbiota of Ixodes Ticks with Regard to Geography,
Species, and Sex” and to the European Bioinformatics Institute (EBI)
database (Illumina data, study accession number ERP011260 and submis-
sion accession number ERA462672; 454 data, study accession number
ERP011240 and submission accession number ERA462591).
RESULTS
Alpha diversity.Tick microbiomes were dominated by Proteobac-
teria (81.7% of all reads), with individual ticks having between
49.33% and 96.69% of their reads mapping to a member of the
Proteobacteria. Four other phyla, specifically, Actinobacteria, Bac-
teroidetes, Firmicutes, and Spirochaetes, were represented at fre-
quencies ranging from 2 to 5%. Genera that were present at a
0.5% frequency are shown in Fig. 1.
Both I. scapularis and I. affinis ticks were collected from North
Carolina. Their microbial compositions were significantly differ-
ent, with the microbiota of I. affinis ticks being dominated by
Rickettsia (77.28%) and the microbiota of I. scapularis ticks being
dominated by an unknown genus in the family Enterobacteriaceae
(73.45%) (Fig. 1). Notably, the high abundance of Enterobacteri-
aceae found in the North Carolina I. scapularis ticks was also found
in the 454 data.
The alpha diversity of male ticks was significantly higher than
that of female ticks (P 0.01; Table 2). A similar result was found
by 454 sequencing (not shown). Differences in Shannon entropy
were more pronounced than those in phylogenetic diversity (PD),
suggesting that male tick communities were both more diverse
and more even. Part of this difference in alpha diversity is ex-
plained by phylum-level representation, where female ticks of
both species had many more species of Proteobacteria (for I. scapu-
laris ticks, 88.99% for female ticks and 72.79% for male ticks; for I.
affinis ticks, 94.47% for female ticks and 84.29% for male ticks)
and substantially fewer species of several other phyla. Results from
the 454 data were similar, with Proteobacteria being detected in
98.55% of female ticks and 91.76% of male ticks and with signif-
icant alpha diversity comparisons being found.
Comparing I. scapularis alpha diversity by state of collection
revealed a significantly higher Shannon entropy in Connecticut
than North Carolina (P 0.05; see Table S7 in the supplemental
material). Rarefying at 2,000 sequences per sample allowed inclu-
sion of more New York and Virginia samples, and at this level,
both states had significantly higher Shannon scores than North
Carolina. While there were large differences in PD between states,
variance was also high, and a pairwise comparison revealed no
significant differences (see Table S7 in the supplemental material).
Interestingly, although the Shannon entropies of North Carolina
and Connecticut ticks were different, their PDs were almost iden-
tical, suggesting that the OTUs in Connecticut ticks have a much
more even representation.
The overwhelming representation of 3 genera was visualized by
overlaying the distribution of the most abundant genera on a map
Van Treuren et al.
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FIG 1 Genus-level abundance profiles for individual ticks (identified on the x axis) collected in North Carolina, Virginia, South Carolina, and Connecticut/New
York (see Tables S5 and S6 in the supplemental material). Columns represent the percentage of MiSeq 16S rRNA gene sequences assigned to each genus. c, class;
o, order; f, family; g, genus. Phyla, classes, orders, and families within brackets are names proposed by the curators of Greengenes.
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of sampling locations (Fig. 2). Rickettsia spp. dominated most
sites, with Enterobacteriaceae dominating North Carolina sites
with I. scapularis ticks. A single site (Pearisburg, Virginia) showed
high levels of Borrelia, while 4 other sites in North Carolina, Vir-
ginia, and Connecticut showed a5% relative abundance of Bor-
relia.
Beta diversity. Using weighted and unweighted UniFrac
methods, as well as other metrics like the Hellinger distance, we
clustered ticks using principal coordinates analysis (PCoA). Illu-
mina data did not show a clear separation of ticks by sex, state, or
site of capture. The 454 data showed an extremely clear clustering,
but that was likely an artifact of having so few sampling sites (see
Fig. S1 in the supplemental material). In the Illumina data, a clear
separation was seen between I. affinis and I. scapularis ticks cap-
tured in North Carolina (Fig. 3, left). Surprisingly, the North Car-
olina I. affinis ticks appeared to cluster more closely with I. scapu-
laris ticks from other states (Fig. 3, right).
To test isolation by distance, we created semivariograms of the
data, comparing the physical distance between sample locations
and the weighted UniFrac distance (Fig. 4). The linear trend sug-
gests a correlation between physical distance and community dis-
tance; the farther away that two ticks are, the more distinct their
microbiota are. We also fit several other models to the data, in-
cluding Gaussian and exponential models. The exponential and
TABLE 2 Differences in alpha diversity between male and female ticksa
Tick or parameter
Value (mean SD)
PD
Shannon
entropy
Male ticks 22.25 11.18 3.66 2.11
Female ticks 17.26 5.39 1.78 1.18
t statistic 2.765 5.297
P value 0.009 0.001
a Illumina data for I. scapularis and I. affinis ticks were pooled. See the text [e.g., “(iii)
Alpha diversity”] for a more detailed description of PD and Shannon entropy.
FIG 2 Relative frequency of the 8 most common genera according to the site of tick collection. The size and color of each dot indicates the percentage of total
16S rRNA gene sequences assigned to a specific genus being mapped obtained at that site.
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Gaussian models showed very similar behaviors. The sill (the
range on the x axis where the fit line has not yet flattened) is very
small, from approximately 0 to 30 km. The range (the range on the
x axis where the fit line is flat) occurs at approximately 30 km.
These alternate models suggest that differences in tick microbiota
saturate with distance; ticks that are geographically close share
microbes, but beyond a short distance there is not increasing dis-
similarity with distance.
Comparing the abundance of I. scapularis OTUs by sex, we
found 5 distinct (but unannotated) OTUs in the Rickettsia which
were significantly higher in females. One of these OTUs (Green-
genes OTU ID no. 112194) had a mean count of 6,021 per female
tick, constituting over 60% of female tick sequences, whereas the
mean count per male tick was 2,299. In a comparison by state of
collection, we found 43 OTUs which had significantly different
abundances between classes after Bonferroni multiple-hypotheses
correction (Table 2). High-abundance OTUs that were different
between classes were found in the Alpha-, Beta-, and Gammapro-
teobacteria. These data also confirm significant geographic diver-
sity in the Ixodes microbiome.
Supervised learning. Supervised learning was used to deter-
mine whether tick state of origin or sex could be determined from
the microbial consortia. We used a random forest approach to
sample classification for I. scapularis ticks based on sex and state of
collection. The classifier had significant success for both, with er-
ror ratios of 2.98 and 2.44 for state and sex, respectively, being
determined. Supervised learning results for the 454 data produced
even better classification ratios, but these were likely the product
of the small sample size. When I. affinis ticks were included, the
error ratios dropped to 2.88 and 1.99, respectively. The most im-
portant features—the features that the classifier uses most suc-
cessfully—for prediction of sample sex were in the Rickettsia.
While beta diversity did not reveal clustering patterns, the su-
pervised learning results suggested that that there are state- and
sex-specific microbial consortia. Not all state sources of the ticks
were equally well identified by the classifier. All 5 ticks from New
York State were attributed to another state. Interestingly, when the
intrastate versus interstate distances were compared, New York
ticks were the only ones with an intrastate mean distance greater
than the mean interstate distance for all ticks (see Fig. S2 in the
supplemental material). The RF classifier likely has trouble with
New York ticks because the average distance between any two New
York ticks was greater than the distance from a New York tick to a
tick in another state. In summary, this supervised learning analysis
confirms that there are microbiome features characteristic of ticks
from different geographic locations and ticks of different sexes.
Ixodes affinis ticks from North Carolina have microbial com-
positions that are more similar to those of I. scapularis ticks from
Virginia than to those of I. scapularis ticks from North Carolina.
Supervised learning analysis, conducted to differentiate both spe-
cies and state simultaneously, correctly classified 17/19 North
Carolina I. scapularis ticks, with the 2 misclassified ticks being
assigned to North Carolina I. affinis or Connecticut I. scapularis.
FIG 3 Principal component analysis of unweighted UniFrac distances between ticks. (Left) I. scapularis (purple) and I. affinis (red) ticks captured in North
Carolina cluster separately; (right) data for all ticks show that the North Carolina I. affinis ticks are closer to I. scapularis ticks from the other sites.
FIG 4 Semivariogram showing the linear relationship between the weighted
UniFrac distance and the geographic distance for all pairs of ticks.
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Conversely, of the 11 I. affinis ticks from North Carolina, 3 were
classified as North Carolina I. affinis ticks and 8 were classified as
Virginia I. scapularis ticks (see Table S8 in the supplemental ma-
terial). This finding comports with the descriptive differences ev-
ident in Fig. 1.
Characterization of Enterobacteriaceae. At the Pine Island
and View Nicholson Road sites in North Carolina, the majority of
reads were from organisms in the Enterobacteriaceae family. In the
Illumina data, 87.4% and 83.5% of the reads for Pine Island and
View Nicholson Road were for members of the family Enterobac-
teriaceae, respectively, and in the 454 data, these values were
84.0% and 69.7%, respectively. One OTU within this family
(Greengenes OTU ID no. 281015) comprised 95.31% of all the
reads consisting of the Enterobacteriaceae in the Illumina data. In
the 454 data, one OTU (Greengenes OTU ID no. 691423) com-
prised 76.91% of all reads consisting of the Enterobacteriaceae. We
attempted to further identify the organism represented by Green-
genes OTU ID no. 691423.
In a BLAST search, the 221-bp reference sequence for Green-
genes OTU ID no. 691423 that was created during 454 OTU pick-
ing was found to be 100% homologous to 98 previously reported
Enterobacteriaceae sequences belonging to a variety of genera
(BLAST analysis was performed on 3 August 2014). In order to
better classify this taxon, we amplified a segment of rpoB from 14
ticks (6 collected in North Carolina and 8 collected in Connecti-
cut). Amplicon sequencing produced 25,791,347 paired-end
reads. After read pairs were merged to create a single haplotype,
740,217 reads met stringent length (400 bases) and quality
(read-averaged phred score,25) criteria. Of these, the sequences
of 160,628 reads matched the rpoB sequence and were included in
further analyses. Among the 14 tick isolates sequenced, we
achieved a minimum rpoB coverage depth of 3,931 reads, a me-
dian depth of 9,040 reads, and a maximum depth of 29,091 reads.
After the reads were cleaned, they were clustered, resulting in over
99% of reads from each isolate clustering to a single rpoB haplo-
type. The sequence of the rpoB haplotype was 98% identical to the
sequence of the bacterium strain BM0254 rpoB gene (GenBank
accession no. JX471764.1) and 94% identical to the sequence of
the Cedecea davisae rpoB gene (GenBank accession no.
EU010119.1) and clustered with them phylogenetically (Fig. 5).
BM0254 has previously been found in mosquitoes, while C. davi-
sae has previously been found in tsetse flies and cockroaches.
Characterization ofBorrelia. From the Illumina data, Borrelia
reads represented5% of reads in ticks from 5 of the 18 sites (Fig.
2) and 3.2% of the reads overall. Surprisingly, the highest preva-
lence of Borrelia (18.5%) was found in Pearisburg, VA. In the 454
data, Borrelia spp. were found in ticks at a frequency of less than
5% at all 4 sites and Borrelia sequences made up 1.4% of the reads
overall. The ticks at the 4 sites where Borrelia spp. were found had
similar levels of Borrelia spp. from the Illumina data and the 454
data: 4.2% and 3%, respectively, at Armonk, NY; 0.6% and 0.3%,
respectively, at Pine Island, NC; 0.3% and 0.0%, respectively, at
View Nicholson Road, NC; and 8.2% and 2.4%, respectively, at
Lake Galliard, CT.
For the 454 data, a single OTU (Greengenes OTU ID no. 4319519)
comprised 83% of the Borrelia reads. All top 100 BLAST hits in
GenBank (accessed 7 August 2014) for the 237-bp reference sequence
created during 454 OTU picking for this sequence (99% identity and
above) were members of the B. burgdorferi sensu lato group.
The same OTU comprised 97.49% of all Borrelia reads in the
Illumina data. ospC sequence data from 10 PCR-positive ticks
sampled near Pearisburg, VA, yielded four sequence types which
were highly similar or identical to published genotypes forBorrelia
burgdorferi sensu stricto, and these had GenBank accession num-
bers AF065143 (n 2, 99% similarity), CP002268 (n 1, 100%
similarity), DQ437470 (n  1, 100% similarity), and AE000792
(n 6, 99 to 100% similarity). One tick from this site that yielded
Borrelia sequences from Illumina analysis (relative abundance,
0.018) failed to produce amplicons during nested PCR for ospC
and the 16S rRNA-23S rRNA intergenic spacer region, suggesting
that an extremely low Borrelia abundance in ticks may not be
detectable by conventional PCR.
Characterization of Rickettsiales. In the Illumina data, one
OTU (Greengenes OTU ID no. 112194) comprised 97.26% of all
reads in the genus Rickettsia. In the 454 data, one OTU (Green-
genes OTU ID no. 316724) comprised 97.28% of all reads in the
genusRickettsia. A BLAST search of the 221-bp reference sequence
created during 454 OTU picking against the rickettsial endosym-
biont of Ixodes scapularis (REIS; gi|239946612|ref|NZ; GenBank
accession no. CM000770.1|) showed 99% identity.
FIG 5 Maximum likelihood phylogenetic tree showing the relationship between the Enterobacteriaceae isolates from I. scapularis ticks found in this study and
other related Enterobacteriaceae. The tree was constructed using the MEGA program (v6) (http://www.megasoftware.net/mega.php) with default settings and
1,000 bootstraps.
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Anaplasma spp. were not highly prevalent, comprising a max-
imum of 3.6% of reads at one site (York River State Park, VA). In
both the Illumina and the 454 data, the majority of the Anaplasma
reads (76.70% and 78.89%, respectively) were represented by a
single OTU (Greengenes OTU ID no. 152987). The 218-bp refer-
ence sequence created during 454 OTU picking was 100% identi-
cal to 93 Anaplasma phagocytophilum sequences present in Gen-
Bank (accessed 7 August 2014).
DISCUSSION
Here we show that the microbiomes of Ixodes ticks from the east-
ern United States vary by geographic location as well as by species
and sex. There were two previous studies of I. scapularis larval and
nymph microbiota that, like the current study, showed a high
prevalence of Rickettsia (4, 14). Neither study reported similarities
with REIS, probably because the REIS sequences are not yet avail-
able in GenBank and can be searched for only via their unas-
sembled reads. The most common taxa found in our study par-
tially overlapped those found in other studies with Ixodes ticks.
For example, in an analysis of I. scapularis larval and nymphal
microbiomes by Narasimhan et al. (19), Sphingomonas, Pseu-
domonas, Methylobacterium, Borrelia, and Anaplasma were com-
mon, as in this study. In a study of I. persulcatus ticks from China
(39), Rickettsia, Pseudomonadeae, Sphingomonas, and Borrelia
were among the most common bacteria, similar to the findings
presented here. Neither of these 2 studies (19, 39), however, re-
ported the presence of Enterobacteriaceae. In contrast, both Rick-
ettsia and Enterobacteriaceae were present at high levels in all
stages of I. ricinus ticks (12). All these differences could be the
result of geographic variation, as was observed here.
For this study, we initially analyzed the microbiomes of ticks
from 4 sites using the 454 platform. Subsequently, we analyzed the
microbiomes of ticks from 15 additional sites (as well as the ticks
from the other 4 sites) using the Illumina platform. For the anal-
yses with both data sets that were possible, the concordance of the
results was high. Ticks had similar levels of the abundant phyla
and a similar representation of key genera. The alpha diversity
differences between male and female ticks were perfectly recapit-
ulated, and supervised learning with the two data sets showed
similar agreement of the results.
The composition of the microbiota was affected by both geog-
raphy and sex. The microbiota from females was less diverse, pos-
sibly because they had higher relative burdens of Rickettsia, espe-
cially 5 OTUs. The increased burden of rickettsial populations is
similar to that found by us (17) and by Clay and Fuqua (14) in
Amblyommaamericanum ticks. The increased burden ofRickettsia
in females could be an adaptation to transovarial transmission
(40).
Of particular interest is our observation of an apparently clonal
infection with Enterobacteriaceae in Ixodes ticks. Internal Gram-
negative rods were first observed in I. scapularis ticks in 1998 (18).
In our study, a single OTU, the OTU with Greengenes ID no.
691423, represented 95.31% of the 16S rRNA gene reads assigned
to the Enterobacteriaceae. This bacterium was the most common
microbe found in ticks from North Carolina and was10% of the
microbial population in both I. scapularis and I. affinis ticks from
multiple sites (Fig. 1).
The sequence of Greengenes OTU ID no. 691423 had 100%
homology to the sequences of multiple enterobacterial genera
within GenBank. This finding underscores the need for sequence
data from additional genes in order to better classify taxa of inter-
est. For this purpose, we used the rpoB gene. Consistent with our
findings with the 16S rRNA gene, all of our rpoB deep sequencing
data clustered to a single sequence. Interestingly, this sequence
showed the greatest homology to two taxa identified in insects:
BM0254, which was identified in Anopheles gambiae mosquitoes
(41), and Cedecea davisae, which was identified in cockroaches
(42, 43). Thus, it is likely that the bacterium identified here and its
close relatives may be important commensals of arthropods. It is
possible that the tick-borne Enterobacteriaceae might have delete-
rious effects on humans or animals. C. davisae is a well-docu-
mented human and animal pathogen (44), but this possibility
needs to be studied further.
The map of the major constituents of the microbiota (Fig. 1) is
notable for two reasons. First, ticks from Pearisburg, VA, had the
highest burden of Borrelia, and the burden was higher than that of
ticks from the Northeast, all of which were confirmed to harbor B.
burgdorferi sensu stricto. Lyme disease is endemic in the Northeast
but has only recently emerged in the part of Virginia where Pearis-
burg is located (45). Second, ticks from only 5 sites had light Rick-
ettsia burdens (20%), and ticks from 3 of these sites were heavily
infected with members of the family Enterobacteriaceae. This sug-
gests a possible competitive interaction between taxa.
Supervised learning was used to corroborate our standard sta-
tistical approach. Supervised learning results support the finding
that there are characteristic microbiota associated with tick spe-
cies, sex, and location.
One weakness of this approach was our inability to assess the
microbial burdens within each tick, so while we could assess the
diversity of microbial communities, we could not assess their rel-
ative sizes. However, the concordance between different sequenc-
ing and analytical approaches to the assessment of diversity sug-
gests that these findings were not biased by community size.
In summary, Ixodes gut microbiota populations are quite het-
erogeneous. The geographic differences may offer insight into the
differences in the capacity of ticks to transmit pathogens. Future
studies on the causes and consequences of these differences are
needed.
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